We estimate the effect of motherhood on wages using matching. We distinguish between net and direct effects. The net effect includes the total wage costs, whereas the direct represents the causal effect. Since covariates are likely affected by motherhood, the latter effect is not immediately uncovered. We therefore implement two strategies: First, we confine the analysis to consider sector-specific treatment effects.
Introduction
The most common parameter of interest in the treatment evaluation literature is the average effect of treatment on the treated (Heckman, LaLonde & Smith (1999) ). In the case where the subpopulation under study consists of women, the treatment is being a mother, and the outcome is wages this parameter has in the literature been designated 'the family gap' or 'the child penalty' (Budig & England (2001) , Phipps, Burton & Lethbridge (2001) , Korenman & Neumark (1992) , Waldfogel (1998a) , Waldfogel (1998b) ). The naming of the parameter is, of course, a direct consequence of the results found in the literature: Having a child seems to be costly in terms of wages.
1 For the US, Canada, and Great Britain, the before-mentioned studies suggest a penalty of between 10 − 15% lower wages, whereas penalties in Scandinavia are typically smaller, ranging between 0 − 1.5% (Datta Gupta & Smith (2002) , Nielsen, Simonsen & Verner (2004) ). In this paper we reconsider this classical problem using recently developed techniques on a high-quality comprehensive register-based data set.
Motherhood may affect wages through several channels and hence there are potentially more parameters of interest. There may be a direct effect of motherhood on wages, i.e. the causal effect of motherhood on wages, and there may be indirect effects running through the effect of motherhood on other covariates. (See Korenman & Neumark (1992) and Robins & Greenland (1992) for this terminology). For example, mothers may have lower levels of labour market experience due to child rearing activities. This is likely to affect wages, but the effect is indirect. We define the sum of the direct and the indirect effect as the net effect. The direct effect of motherhood on wages has, by far, received the most attention in the literature (Nielsen et al. (2004) , Phipps et al. (2001 ), Waldfogel (1998a ), yet the recovering of the parameter is not immediate due to bias introduced by conditioning on variables that are likely to be affected by the choice of motherhood, see discussion below. Similar issues arise in the literature analysing the effects of college quality on earnings as emphasized in a recent paper by Black & Smith (2004) . Here, years of schooling depend partly on college quality, but also have a separate exogenous effect on labour market outcomes. The paper presents results both with and without years of schooling included in the conditioning set and finds large and significant differences in treatment effects.
Both the direct and the net effect are interesting from a policy point of view: The former is needed if we want to make any conclusions on discrimination: If discrimination on the labour market is present it comprises at least part of the direct effect. The latter 30 provides information on the costs of choices that are related to childbearing.
Common to all the analyses on the estimation of family gaps mentioned above is the assumption of a common treatment effect at least within subpopulations. As noted in Heckman et al. (1999) this is a very strong assumption. Furthermore, all are subject to assumptions on functional form of the equations of interest; for one thing separability of the effects of observables and unobservables is assumed, and the conditional expectations function is assumed to be linear in attributes. Some are also subject to parametric assumptions on correlations of error terms. Alternatively, one may apply matching analysis.
Matching is based on the principle that comparing the outcome for an individual from the treatment group, i.e. mothers, with the outcome for an individual from the no treatment group, i.e. women without children, who in terms of observables is sufficiently similar to the treated individual on average, balances the selection bias arising from self-selection into motherhood. Matching allows for heterogenous treatment effects, is not subject to parametric assumptions, and does not per se assume separability of the effects of observables and unobservables. It does, however, require extremely rich data sets.
In this paper we apply propensity score matching to estimate the effect of having children on women's wages. The data at our disposal is a Danish register-based data set that includes very detailed, high quality information on e.g. income, demographics, and education on a yearly basis. Furthermore, the individual event histories in terms of periods of employment, unemployment, as well as maternal leave and other types of publicly subsidised leave schemes are known on a weekly basis. We discuss the assumptions needed for identification of direct and net effects on wages of being a mother when variables are affected by the treatment. If the researcher has sufficient information to make wage outcomes conditionally independent of both motherhood and the variable affected by motherhood, direct effects can be uncovered for specific values of the concomitant variable. Specifically, we consider sector of employment: In Denmark the public sector is characterised by having more flexible working conditions and both duration of and compensation during maternity leave are higher in the public sector than in the private sector.
Hence, we expect there to be more mothers working in the public sector ceteris paribus, cf. Nielsen et al. (2004) . When considering sector-specific effects of motherhood we think of the effect as the combined treatment of motherhood and sector of employment. If, on the other hand, sufficient information on selection of variables affected by the treatment is unavailable, an alternative solution is to impose additive separability on the outcome equation. To clear out effects of for example experience and career interruptions on wages we impose an exclusion restriction to perform regression-adjusted matching recently suggested by Heckman, Ichimura & Todd (1998) . To our knowledge matching analysis has never been applied in this area before. We find strong evidence that mothers select into the public sector and significant, but small family gaps overall along with slightly larger effects in the public sector.
The paper is organised as follows. In the next section we discuss our sample of data.
In Section 3 we discuss our parameters of interest and outline our econometric strategy.
Section 4 presents the results from propensity score matching, while Section 5 discusses the results from accounting for sector selection. Finally, Section 6 concludes.
Data
The original data set contains information on a representative sample of 5% of all Danish individuals in the 15-74 age bracket. Information stems from several registers all maintained by Statistics Denmark. The registers include variables describing income, demographics, and education on a yearly basis. Furthermore, the individual event history in terms of periods of employment, unemployment, maternal leave, as well as other publicly subsidised leave (child rearing or sabbatical), and the residual category non-participation is known on a weekly basis.
In the empirical analysis below, we use a 1997 cross-sectional subsample of women aged 20-40 years, who are employed more than 200 hours per year, who are not self-employed, and not undertaking education. The lower age bound is chosen to exclude individuals who are between two types of education, for instance high school and university. The upper age bound is chosen because of an age restriction on the availability of parental information used to construct exclusion restrictions applied in the econometric analyses. The analysis is performed using retrospective information on the labour market history. Table 1 shows descriptive statistics for the sample used in our analyses along with descriptive statistics of mothers and non-mothers. We classify women as mothers if they have given birth to a child. Thus it is assumed that the presence of biological children is more important than the presence of stepchildren. 2 54.8% of the women in our sample had children in 1996.
The outcome variable of interest in the analysis is log hourly wage. It is calculated from annual earnings and number of working hours. The measure of working hours used in this calculation is very precise in that the information comes from registers on compulsory contributions to supplemental pension payments that are closely linked to the working hours actually paid for by employers. It is seen that average log wage for mothers does 32 not differ from average log wage for non-mothers. Yet it is clear from Table 1 that mothers differ significantly from non-mothers in terms of observables: Mothers are on average 7 years older, are more often employed in the public sector, have twice as much labour market experience, are more likely to have an education directed towards the health care sector or the schooling system, and have on average longer unemployment spells. Furthermore, they are more likely to own real estate and are more often settled in the province. Finally, they are, not surprisingly, more likely to be married and have fewer siblings of their own.
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The information on interruptions consists of a subset of spells created from accurate event histories known on a weekly basis. Incidences of unemployment and nonparticipation are registered from 1981 and onwards, while maternity leave and parental leave in connection with childbirth can be traced back to 1984 (before 1984, maternity leave is included in the non-participation category). In the period before 1984, mothers are eligible for 18 weeks of maternity leave (four weeks before expected birth and 14 weeks after), which means that for the oldest women in our sample some maternity leave may be hidden in the residual category of non-participation. In 1984, the maternity leave scheme is extended ten weeks of leave amounting to a maximum of 28 weeks, and fathers are granted two weeks of leave during the first 14 weeks after the birth. This is the scheme effective in 1997. The 10 additional weeks can in principle be shared with the father, yet this is not the norm. In fact, in 1997 96.6% of all fathers on leave take two weeks or less and the mode is two weeks (cf. Statistics Denmark -www).
In 1994, publicly subsidised sabbatical leave and child rearing leave were introduced.
For employed individuals, child rearing leave amounts to a maximum of 52 weeks per child under the age of eight, while sabbatical leave amounts to a maximum of 52 weeks. The length of these two types of leave is registered from 1995 and onwards.
As mentioned in the introduction, the public sector in Denmark is more family friendly than the private sector. Specifically, women employed in the public sector receive a full wage compensation during maternity leave as opposed to the much lower UI benefits received by private sector employees. In addition, public sector employees are allowed to take leave earlier compared to private sector employees and have the right to ten fully funded care days per child per year. Finally, apart from a small qualification bonus, wages in the public sector are mechanically determined by seniority. Therefore, mothers in the 33 public sector do not risk loosing experience based wage increases when taking maternity leave.
The Parameters of Interest
The goal of the evaluation is to measure the effect or impact of a given treatment, C, on an outcome variable, Y C . Here the treatment is having children, C = 1, as opposed to the 'untreated' state of 'non-motherhood', C = 0, and the outcome of interest is log hourly wages. Let Y 1 be potential outcome in the presence of children, and Y 0 the potential outcome in the absence of children. We are now faced with what is known as
The Fundamental Evaluation Problem in that we do not observe the same woman both with and without children at the same point in time. Moreover, instead of uncovering person-specific impacts, attention in the literature usually shifts to that of constructing (conditional) means. Most often, we estimate the mean effect of treatment on the treated, defined as
Hence, the problem becomes that of finding the counterfactual E [Y 0 |C = 1] in (1), which is, of course, unobserved. I.e., some assumptions are needed to obtain identification.
We estimate the mean effect of having children for women who choose to have children,
(1), and not the mean effect for the population of women. With potential heterogenous impacts these parameters will likely differ. Our focus is thus whether women who choose to have children are punished in terms of wages, not whether women who do not have children would be punished had they chosen to have children.
In this paper we apply the method of matching, which has recently received much attention in applied econometrics in general and in programme evaluation in particular.
Matching is based on the assumption that conditioning on attributes, X, eliminates the selective differences between those with and without children. More precisely, the method of matching assumes that the econometrician has access to conditioning variables sufficiently rich such that the counterfactual outcome distribution of mothers is the same as the observed outcome distribution of non-mothers. By conditioning on the covariates at our disposal, we will thus be capable of balancing the bias coming from the self-selection into motherhood.
In focusing on (1) we make the following conditional independence assumption, CIA, Rosenbaum & Rubin (1983) 
In other words, we assume that there exists some X such that the outcome for a mother had she not had children is the same as the outcome for a non-mother with the same X. In particular, this means that women must not take into account wages in the nonmotherhood state when deciding whether to become mothers or not. They may, however, consider wages in the motherhood state. This is consistent with the case where mothers and non-mothers are equally productive in the non-motherhood state conditional on their characteristics but are potentially different in the motherhood state. In order to utilise (A-1) it is necessary to make sure that there is a woman without a child analogue to each mother, the 'common support' assumption, i.e.,
At this point we do not want to assume any functional form of the outcome equation as opposed to much of the literature already mentioned in the introduction. We are therefore potentially faced with the non-parametric curse of dimensionality due to our rich register data. A way to circumvent the curse of dimensionality without imposing arbitrary assumptions on the outcome equation is based on the results in Rosenbaum & Rubin (1983) . Here the focus is shifted from the set of covariates to the probability of motherhood, P = Pr (C = 1 |X) . As long as (A-1) and (A-2) hold,
This new conditioning variable, P , changes CIA into (A-3), which together with P < 1 are sufficient conditions required to justify propensity score matching to estimate the mean impact on the treated. Clearly, the functional form of P is rarely known and has to be estimated, shifting the high-dimensional estimation problem from that of estimating
, often estimated by a logit or, as in this paper, a
probit. See discussion in Black & Smith (2004) on this issue. Moreover, as will become apparent, the adoption of a one-dimensional specification of selection clearly illuminates both the common support considerations as well as the differences in distributions of covariates that would not be addressed by standard OLS. 
Accounting for variables affected by the treatment
A potential problem in our set-up, as in many other applications, e.g. Black & Smith (2004) , is endogeneity of variables affecting the main outcome. This will create indirect effects of the treatment, cf. Robins & Greenland (1992) .
We stress at this point that the conditioning set, X, in (A1) of course does not include any concomitant variables potentially affected by motherhood. Therefore, interpretation
of (1) assuming (A1) and (A2) is that of a net effect of motherhood on wages for the group of mothers. Denote the set of concomitant variables potentially affected by motherhood S. For simplicity, in the following discussion let S be one-dimensional. Rosenbaum (1984) examines the consequences for the average treatment effect of including such a variable that has potentially been affected by the treatment in the conditioning set. He finds that, in general, adjustment for such a variable results in unbiased estimates of the average treatment effect only when the variable is in fact not affected by the treatment. This is because the matching estimator integrates over the density of the set of observables conditional on treatment. To estimate correctly the mean outcome for non-mothers this density must not change with treatment.
A way to learn about the effect of S is, however, to consider s-specific treatment effects:
where Y 0 (s) and Y 1 (s) are outcomes in the non-motherhood and motherhood states conditional on S = s. This is, for example, the effect of motherhood on wages for women observed to be employed in sector s. θ(s) is informative about impacts for a given value of S.
Assume that we have sufficient information not only about selection into motherhood but also on the selection into S such that
i.e. assignment into C and S is strongly ignorable for Y 0 (s). Then θ(s) is identified and is (on the outset) free of indirect effects. X is precisely the set of attributes ensuring potential wage outcome in the non-motherhood state be independent of C and S. Here, C and S can be thought of as a new combined type of treatment. Since we only make pairwise comparisons, the proof of the balancing score property follows immediately from Rosenbaum & Rubin (1983) .
Note that, in principle, from θ(s), one can construct a population weighted average effect of motherhood on wages:
yet the interpretation of θ is no longer clear. (2) merely represents the average costs of motherhood, but it is not a treatment effect as such.
As above, we still face the curse of dimensionality, now accentuated by the presence of S. To estimate θ(s) we specify Pr (C = 1, S = s|X) as a bivariate probit, explicitly allowing S to be a function of C, select the group of women for whom S = s, and match on the probability of motherhood conditional on S = s, Pr (C = 1|S = s, X).
The Linear case
Apart from sector choice we expect neither experience nor the interruption variables to be exogenous wrt. fertility: Presumably, mothers are more likely to interrupt their careers to engage in child rearing activities, i.e. non-participation or formal child rearing leave. Yet we often face the case with insufficient information on the influence of our treatment, C, on these concomitant variables. Denote this extended set of variables potentially affected by the treatmentS.
To uncover causal relationships, assume additive separability of the outcome equation in line with Heckman et al. (1998) :
Assume furthermore,
where U 0 is the error term in the non-motherhood state. These assumptions mean that assignment into C andS is strongly ignorable for
as a nonparametric function of (potentially continuos) X, (AS) is termed a partial linearmodel and identification requires the exclusion restriction, Robinson (1988) . Invoking these new stronger assumptions we can, of course, now interpret (1) as the direct effect of motherhood.
Similarly, θ(s), our s-specific treatment effects from before, may be suffering from the presence of other variables affected by motherhood. Assume additive separability of the s-specific wage functions along with:
where U 0 (s) is the error term in the non-motherhood state in sector s. Then the s-specific direct effects are identified.
As above we still want to allow for heterogenous treatment effects. We therefore estimate the partial linear model and perform regression-adjusted matching as recently suggested in Heckman et al. (1998) as opposed to OLS. By applying this method we clear out the effects of potential returns in the non-mother state to observable characteristics from Y and perform matching on the residuals.
Propensity Score Matching
The first step in the empirical analysis is to estimate the probability of being a mother. We model the propensity score by a standard probit. The conditioning set, X, includes age, type of education e.g. health care, services, technical education etc., length of education given type, place of habitation outside capital area (greater Copenhagen), and the woman's number of siblings. 5 The results are presented in Table 2 .
We find that age significantly increases the probability of being a mother in 1996 with a decreasing effect reaching its maximum at the age of 44, which is outside the range of our data. Hence, the effect is increasing over the relevant range. The variable is, of course, deterministic and thus by no means endogenous to the decision of motherhood.
Furthermore, relative to health care-oriented types of education most types of education decrease the probability of being a mother for a given length of education, though some coefficients are insignificant. Note that some may be insignificant due to a small number of individuals in a particular category, see Table 1 . The education variables presumably capture some effects of preferences for having children. The analysis also shows that higher level of education of a given type reduces the probability of motherhood. The choice of education is in the vast majority of cases predetermined to the decision of motherhood.
We include a set of nine regional dummies to account for effects of local labour markets as well as possible differences in views on having children. According to Munch (2003) ,
Danes mainly settle in connection with their choice of educational institution. After this initial settlement, Danes rarely move between municipalities and hardly ever between regions. For this reason, settlement is expected to be predetermined to fertility. Finally, the woman's number of siblings significantly increases the probability of motherhood. We assume that this variable satisfies the necessary exclusion restriction for estimating the direct effect, see above.
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The model predicts relatively well: 5,867 out of 29,210 predictions or 20.1% of all predictions are wrong 6 , and Efron's R 2 equals 0.42. Figure 1 shows the smoothed densities of the propensity scores for both mothers and non-mothers. It is seen that mothers have more probability mass concentrated around high values of the propensity score compared to non-mothers, who have more mass concentrated around low values of the propensity score.
Hence, mothers are likely to differ significantly from non-mothers in terms of observables, meaning that there is a potential gain from matching. Note that the densities seem to have common support: It is possible to find a match for a mother among non-mothers, even for mothers with the highest level of the propensity score. Thus the model does not predict too well. Moreover, we investigate the specification of our estimated propensity using the nonparametric test suggested by Shaikh, Simonsen, Yildiz & Vytlacil (2005) .
Formally, we test whether E[C|P ] = P and find that the test cannot reject our null at the 1% significance level.
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We choose the optimal bandwidth using cross validation as in Black & Smith (2004) .
As expected, due to our large sample our estimates are not sensitive to the choice of bandwidth or kernel and thus using Silverman rule of thumb to choose the bandwidth (Silverman (1986) ) instead of cross validation does not matter. For the same reason, performing nearest neighbour matching both with and without replacement gives results that are exactly identical to the kernel based matching analysis. We conduct inference based on bootstrap methods using 99 bootstraps resampling from the pool of first step predicted propensities trimming away 2% of the observations with the lowest densities.
8 Therefore, our approximation ignores the fact that the kernel based matching procedure is based on estimated propensities, and that our enforcement of the common support requirements is data driven. Incorporating all steps of the estimation in the bootstrap procedure, including re-estimating the propensity along with the corresponding densities proved to be too computationally expensive. Due to our large sample, we do not expect the uncertainty from the first estimation to inflate the variance to any degree. See also Lechner (2002) on this issue when using nearest neighbour matching.
We firstly estimate the net effect of motherhood for the group of mothers, that is θ assuming (A-1) and (A-2). We compare log wages for mothers with log wages for nonmothers that are similar in terms of the propensity without making any assumptions on the functional form of the outcome equation. This corresponds to the following expected attribute-adjusted treatment difference (Rosenbaum (1984) ):
which gives us an estimate of the net effect of being a mother on wages including all effects stemming from concomitant variables potentially affected by the treatment. We see from the first row in Table 3 that this estimator results in a 6.5% lower wage for mothers. We also obtain reasonably balanced covariates after matching on our estimated propensity score. In no case do the standardized differences in means for covariates (Rosenbaum & Rubin (1985) ) exceed 7%, see Appendix A for details.
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We then go on to estimate the direct effect of motherhood, i.e. θ assuming additive separability along with (C1) and (C2). This estimator is based on the following expected attribute-adjusted treatment difference:
When specifying the conditioning variables inS, we follow human capital theory. 10 In addition to the variables in X from above we therefore include actual work experience and experience squared, choice of sector, occupation categories, yearly indicators for the timing of the end of the last unemployment and non-participation spells, thereby allowing the effect of interruptions to decrease in time (cf. Nielsen et al. (2004) ). Since regressionadjusted matching is meant to clear out the effects of potential returns in the non-mother state, we are forced to pool maternity leave and other publicly subsidised types of leave with the non-participation category to be able to account for the effects of these types of interruptions. We do not expect this assumption to be too restrictive; there are no ex ante 40 reasons why depreciation of human capital during non-participation should differ from that of maternity leave. Figure 2 illustrates the potential effects of interruptions on the earnings potential and emphasises the link between the theoretical effects and our explanatory variables. We consider a woman who interrupts her career to have a child engaging in child rearing activities between age A0 and age A1. During the interruption, the woman fails to accumulate experience. This simply corresponds to a horizontal shift in the earnings profile.
This effect is caught in our model by using actual experience as the conditioning variable.
In addition, earnings profiles may shift downwards for two reasons: Firstly, the existence of a significant child penalty causes a vertical shift in the earnings profile, and secondly human capital may depreciate while interrupting shifting the earnings potential further downwards depending on the duration of the interruption. To account for these effects, we include an indicator for being a mother and the duration of the latest interruption spell, thus allowing for linear depreciation as illustrated in the figure. Finally, there may be a catching up effect: Women may regain part of (or all) the effect of lost experience and depreciation when they return to work, a "recovery phase". In our model this is allowed for by including dummies for the year of the latest interruption.
R is the woman's own number of siblings. It may on all reasonable grounds be left out of the wage function; we do not expect number of siblings to affect labour market outcomes conditional on the X andS, and it is definitely predetermined to wage determination.
Furthermore, the variable is correlated with the choice of having children since it enters the selection equation with a significant coefficient. Butcher & Case (1994) and Ermisch & Francesconi (2001) both argue that number of siblings affects wage determination only through the individual's level of education, which supports our exclusion restriction: We include the woman's type and length of education in the wage function and conditional on that information, the woman's own number of siblings should not explain wages.
We find a much smaller penalty of 1.5% when conditioning on the additional information inS, see again Table 3 . In fact, this corresponds to a reduction of almost 80% compared to the net effect. Remember though, that the identifying assumptions needed to recover the direct effect of being a mother are strong! It must, for example, be the case that the expected unobserved characteristic for a mother is the same as for a non-mother conditional on them having the same X andS, even though the distribution of experience may differ among the two groups. Note also that these assumptions -along with an assumption of constant treatment effect -are commonly (more or less implicitly) invoked in the existing literature.
Both sets of results are small in an international comparison, which is possibly due to institutional factors. The direct effect is in line with the Scandinavian findings from Datta Gupta & Smith (2002) and Nielsen et al. (2004) . This is remarkable given the distributions of observable characteristics among mothers and non-mothers, see Figure 1 and discussion above.
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Sector-Specific Effects
With sufficiently rich information to make outcome in the non-motherhood state conditionally independent of both motherhood and S, we can identify direct s-specific without assumptions on the functional form of the outcome equation. In this section, we consider treatment effects in the public and private sector, θ(public) and θ(private). We estimate both net effects, assuming (B-1) and (B-2) along with direct effects, assuming additive separability in addition to (D-1) and (D-2)
As in the section above, we start out with estimation of the propensities. We use a bivariate probit model to estimate the probabilities of being a mother and working in the private sector allowing the error terms in the two equations to be correlated. From this model we can get the predicted conditional propensities we need to identify the parameters of interest. The selection into motherhood is modelled using the same variables as before including the information on number of siblings when estimating sector-specific direct effects. We argue that number of siblings is uncorrelated with both wage outcome (cf. discussion above) and sector choice. This argument relies on conditioning on X. The inclusion serves two purposes: Firstly, we avoid that identification in the motherhoodsector choice model relies too heavily on the joint normality of the error terms and secondly, it allows us to perform regression-adjusted matching.In the sector selection equation we condition on motherhood indicator, type of education, length of education given type, and place of habitation outside capital area (greater Copenhagen). Furthermore, we include parental information on sector choice. That is, X includes the same set of variables as above augmented by the latter variables. Regarding estimation of the direct effects,S is unchanged except for the exclusion of the sector indicator.
The results from the bivariate probit can be seen in Table 2 . 11 It is obvious that the coefficients in the motherhood equation have not changed substantially by allowing the 42 error term to be correlated with sector choice. In line with our hypothesis, the coefficients from the sector choice equation indicate that mothers are more likely to choose to work in the public sector. In addition, most types of education increase the probability of working in the private sector compared to health care-related types of education, yet the effects of length of education vary.
Rows 2 and 3 in Table 3 show the results from the matching analysis taking endogeneity of sector into account and demonstrate clear differences between sectors, in particular wrt.
the direct effects: The net effect amounts to 7.6% lower wages in the public sector compared to 6.4% in the private sector, whereas the direct effect corresponds to a 3.2% penalty in the public sector and no penalty in the private sector. Note that we cannot use the estimates of the net effects to conclude that being a mother is more expensive in the public sector.
The difference in net effects may reflect that mothers in the public sector make different choices than mothers in the private sector in terms of non-participation, part time, choice of occupation etc. In principle, in the public sector, wages for mothers that have been on maternity or child rearing leave should not differ from non-mothers' wages everything else being equal, since wages are highly correlated with seniority in particular in the period under consideration. However, being on leave may affect a mother's chances of getting a qualification bonus in the public sector. Along with promotion opportunities this is the main incentive scheme in the public sector. Since it is not related to level of experience, non-participation etc., we must expect it to show up in the direct effect. The penalty could also be caused by job flexibility, a nonpecuniary benefit, within the public sector:
Besides having extra care days targeted towards children, mothers may be reallocated to less stressful or time consuming jobs, for example jobs involving only standard hours. It is noteworthy that the direct effect is insignificant in the private sector One explanation for this may be that wages in the private sector are much more flexible such that wage outcome may better reflect differences in observables. Nielsen et al. (2004) model the effect of motherhood in the public and private sector in Denmark using a switching regime model and find results that at first glance seem to contradict the results from this analysis: the wage effect of motherhood is positive in the public sector (3.0%) and negative in the private sector (−6.0%). Importantly, the (untestable) identifying assumptions underlying the selection model employed in Nielsen et al. (2004) are not comparable to those of this paper. In addition, the estimated effects in Nielsen et al. (2004) are assumed to be constant over the population. The interpretation of their estimates are therefore the effect of motherhood in a given sector for a woman drawn randomly from the population. 43
Conclusion
We contribute to the existing literature on the effect of motherhood on wages by using high quality data and by implementing propensity score matching that in many respects is less restrictive than what has been used up until now. We estimate both net and direct effects of motherhood on wages as well as sector-specific effects. We interpret the direct effect as the causal effect of motherhood on wages. As pointed out by Note 1, this effect is potentially made up by several components. The net effect includes the direct effect as well as indirect effects resulting from choices caused by motherhood such as mothers' potentially lower labour market experience, higher level of non-participation, and greater probability of working in the public sector, which provides better working conditions for families, to mention a few examples. The net effect is an estimate of the total wage cost of having children whereas the direct effect is the causal effect on wages of being a mother.
We find significantly negative impacts on wages for mothers, yet the direct effect is small. Hence, most of the difference can be explained by accounting for covariates that are likely to be affected by having children. The results are small in an international comparison, which is possibly due to institutional factors, but in line with findings from Scandinavia. We conclude that mothers self-select into the public sector where non-pecuniary benefits related to motherhood are larger. The direct effect of motherhood is negative in the public sector and positive but insignificant in the private sector. We argue that it is likely to be due to considerable job flexibility in the public sector.
To date, most empirical work has focused little on endogeneity issues when trying to identify direct effects. Furthermore, whether endogenous variables have any substantial impact on the parameter of interest is an empirical question. In our case allowing for sector-specific treatment effects clearly informs on costs of motherhood. 3 This latter variable will be used as our exclusion restriction in what follows. We argue below that number of siblings is correlated with fertility but not with productivity, i.e. labour market outcome.
4 Notice that these assumptions are generally stronger than the the mean independence assumption of Heckman et al. (1998) . See Lechner (2001) for discussion on this point.
5 Note that this variable is our exclusion restriction. It is not included when estimating the propensity used to estimate the net effect of motherhood. The remaining coefficients are not sensitive to the exclusion of the information on number of siblings. Moreover, predictive power and estimated densities do not change.
6 We define number of wrong predictions as
7 Note that this is the sufficient condition for the balancing score property, see Theorem 2 in Rosenbaum & Rubin (1983) .
8 The results are not at all sensitive to reasonable changes in trimming levels, 2%−10%.
As can be seen from Figure 1 , this is due to the existence of 'enough' non-mothers in the region with the mass of mothers, p ∈ (0.45, 0.95).
9 The presented results are robust to changes in the conditioning set, X. Specifically, we performed the analysis without regional dummies. This resulted in a −7.9% net effect. a Densities were estimated using a gaussian kernel and a bandwidth chosen via cross validation, h opt . The overlapping support region was determined using a h rule−of −thumb = 0.047, h opt = 0.0002. 
FIGURE 1
Non-parametric estimates of propensity densities (biweight kernel), probit P (X) model; bandwidth using Silverman (1986) rule of thumb. --Mothers, ---Non-mothers 
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